We consider the problem of improving outcomes for neurosurgery patients by enhancing intraoperative navigation and guidance. Current navigation systems do not accurately account for intraoperative brain deformation. We focus on the brain shift deformation that occurs just after the opening of the skull and dura. The heart of our system is a nonrigid registration technique using a biomechanical model. We specifically work on two axes: the representation of the structures in the biomechanical model and the evaluation of the surface landmark displacement fields between intraoperative MR images. Using the modified Hausdorff distance as an image similarity measure, we demonstrate that our approach significantly improves the alignment of the intraoperative images.
Introduction
Image-Guided NeuroSurgery (IGNS) devices relate the 3D multimodality preoperative images, such as Computed Tomography (CT), structural and functional Magnetic Resonance Imaging (sMRI and fMRI), Diffusion Tensor Imaging (DTI), Positron Emission Tomography (PET), and Magneto-encephalography (MEG), to (3D) patient coordinates. The surgeon can position his instruments in the patient's brain, while navigating on the preoperative images that were acquired to plan the intervention. Throughout surgery though, the brain deforms, mostly as a result of the leakage of the cerebrospinal fluid (CSF) out of the skull cavity, modifications in cerebral perfusion, pharmacological modulation of the extracellular fluid, and surgical acts, such as cuts, retractions, and resections [1] . As surgery progresses, preoperative images become less representative of the actual brain, and navigation accuracy decreases. With the exception of a handful surgical facilities, fresh images of the same modalities and quality as the preoperative ones cannot be acquired during surgery. One solution is to evaluate brain deformations from reduced-quality intraoperative images acquired at several critical points during surgery, and to update, i.e. to deform, all highquality preoperative images using a nonrigid registration technique, which allows one to estimate non-uniform, local deformations. In such a way, preoperative images can be warped to conform to the modified structure of the brain, as observed in intraoperative images.
All our work on IGNS has relied on a nonrigid registration technique taking into account the physical properties of the brain [2, 3, 4] . Before the beginning of the operation, a biomechanical brain model specific to the patient is built from preoperative images. The model consists of a 3D volume mesh and associated constitutive laws. Then, a number of anatomical landmarks are extracted and tracked in successive intraoperative images. Their displacement fields are interpolated throughout the entire brain using the biomechanical model. The computation is typically based on the Finite Element Method (FEM). Once the displacement field has been computed throughout the brain volume, all preoperative images can be deformed.
The complexity of the brain models varies according to the level of details of the topological description of the brain, the type of constitutive laws, and the methods used to evaluate the deformation of the brain from the intraoperative images [5] . Various anatomical structures, explicitly meshed and/or simply modeled by different constitutive laws, can be included in the biomechanical model. The first brain models consisted of a single isotropic structure, thus with a single constitutive law. Subsequent models considered subparts, such as the lateral ventricles [6] and the tumor [7] . The brain was also modeled as an anisotropic material due to the fiber structures in the white matter [8] . The falx cerebri and the pia matter were taken into account [9] . Different behaviors for gray matter, white matter, and CSF were used [10] . The contact between brain tissue and skull was also modeled [9] . The simplest constitutive law is the linear elastic law [6, 7] . The brain shift was also modeled using a hyperviscoelastic law [9] , or a poroelastic law [11] . The quantity and the location of information on brain deformation that is extracted from the intraoperative images obviously depends on the intraoperative sensors. The first category of intraoperative sensors gives the shape of the exposed brain after craniotomy, such as a laser range scanner [12] or a stereo-vision device [13, 14] . The second category of intraoperative sensors encompasses tomographic imagers, such as those producing intraoperative Ultrasound (iUS) images [15] and intraoperative MR (iMR) images [5, 6, 7, 8, 9, 10] . These tomographic modalities allow one to drive the deformation of the biomechanical model with the displacement fields of internal surfaces, such as of the surface of the ventricles [7, 15] and of the surface of the tumor [2, 15] . Because of their quality, iMR images can also provide sparse volume displacement fields, interpolated to the whole-brain volume with the biomechanical model [6, 10] .
In this work, we focus on brain shift deformation that occurs just after the opening of the skull and dura, before any cut and subsequent deformation have happened. Even though this brain shift deformation has been discussed in several papers cited above, e.g. in [5, 7, 9, 15] , and that the reported accuracy for deformation prediction is about one voxel [7] , it raises several important issues that are identified and detailed in [4] . The goal of this paper is to present the methods that have addressed these issues and that have shown the best results, and to provide a robust end-to-end system for modeling brain shift deformation for preoperative image update. We use, as intraoperative images, 0.5 Tesla iMR images 1 , whose quality helps us to define what parameters, e.g anatomical structures, are important to take into account, without the difficulty of dealing with reduced-quality data, such as modalities showing exposed brain surface and iUS. In Sect. 2, we give detail about our methods and algorithms. In Sect. 3, we consider two patient cases that illustrate our approach for handling brain shift and its validation. In Sect. 4, we conclude and discuss future work.
Nonrigid registration building blocks
In this section, we describe our baseline system for modeling brain shift based on two iMR images, the first one acquired prior to the opening of the skull, and the second one acquired after the opening of the skull and dura. In this work, we make a simplification by using the first iMR image as a substitute for the preoperative images. Based on this simplified approach, we thus focus on the evaluation of brain deformation between the two iMR images. The successive steps for evaluating brain deformation consist of rigidly registering the iMR images, and of segmenting them. The biomechanical model is then built based on structures segmented in the first iMR image. A set of common anatomical surface landmarks are segmented and tracked between the two iMR images. The biomechanical model is deformed, based on FEM, in accordance with the displacement fields of these surface landmarks. For the patient case considered here, the various parts of the brain undergo relatively small deformations (and displacements). Since these deformations are estimated at less than 5%, we can use the approximation of a linear formulation to characterize the deformation of the brain. The resulting volume displacement field of the biomechanical model is then used to warp the first iMR image. Finally, the method is easily validated by comparing images (original and deformed first iMR image with second iMR image) that are of same modality and quality, and, thus, that show the same anatomical features. In the following sections, we describe the successive processing steps just mentioned.
Rigid Registration of Intraoperative Images
Although the patient's head is supposedly fixed during the operation, one cannot totally rule out the possibility of slight head motion. To compensate for this potential source of rigid motion, we rigidly register the iMR images using the point-based landmark transform vtkLandmarkTransform available in VTK 2 , where the corresponding landmark points are manually selected in the two iMR images.
Segmentation of Intraoperative Images
The segmentation of iMR images into specific regions is necessary for both the building of the biomechanical model and for the evaluation of surface landmark displacement fields between the two iMR images. The segmentation of these regions is first performed manually using 3D SLICER 3 . In practice, for our application, we segment the healthy-brain region and the tumor region, the union of them giving the whole-brain region (Figs. 1(a)-1(b)). Then, these segmented regions are smoothed out in order to minimize the dependance of the evaluation of surface landmark displacement fields on roughness of manual segmentation. We perform this smoothing by building a surface mesh of the regions segmented manually in each iMR image. For this purpose, we use the meshing software tool ISOSURF 4 that takes as input a binary image, provided as stacks of slices, and representing segmented regions, and that meshes the boundary of these regions into surfaces of triangles. We then subsequently fill all voxels that fall inside the surface mesh with the numerical label of the segmented region ( Fig. 1(c) ). 
Building of Biomechanical Model
Our goal is to build a biomechanical model that includes two separate structures: healthy-brain region and tumor region. Most of the meshers used in the mechanical-engineering community work with a Computer-Aided-Design (CAD)-based representation of the object geometry, which is thus defined in terms of ideal geometric elements such as lines, arcs, planes, splines, etc. In our application, the object to mesh is defined as a segmented region from an image, which thus requires specific techniques, and we use the meshing software tool ISOSURF described in Sect. 2.2. Our goal is to model the boundaries of healthy-brain and tumor regions as two connected surfaces meshes. However, ISOSURF can only mesh the boundaries of one or several separate regions, and, thus, does not allow one to mesh connected region boundaries with common nodes at their intersections. We thus start by building two separate surfaces meshes that we connect using our own routines that are detailed in [4] . We then smooth the two surface meshes using the software SIMMETRIX 5 ( Figs. 2(a)-(c) ). The two connected triangle surfaces are then jointly meshed into a single volume mesh of tetrahedra that conform to the two surface meshes using GMSH 6 ( Fig. 2(d) ). A linear elastic law is assigned to the biomechanical model, with Young modulus E = 3000 P a and Poisson ratio ν = 0.45 [7] . Because displacements, rather than forces, are applied to the model using a linear formulation, the FEM solution is independent of Young modulus E [16] . 
Evaluation of Surface Landmark Displacement Fields
We choose as surface landmarks the whole-brain and internal tumor region boundaries. To evaluate the surface deformations of these boundaries between the two iMR images, we use an active surface algorithm [7] . An active surface algorithm implies that the region boundaries to match must be closed surfaces. We thus use as surface landmarks the whole-brain and healthy-brain region boundaries that were already segmented in the two iMR images. The surface deformation of the internal tumor region boundary will be derived from the active surface algorithm of the healthy-brain region boundary. For both the whole-brain region and the healthy-brain region, an active surface, i.e. a surface mesh with mechanical constraints such as elasticity, is initialized from the region boundary segmented from the first iMR image, and then deformed iteratively under the influence of external forces computed from the region boundary in the second iMR image. The external forces attract the surface during an iterative process, in such a way that this surface deforms to cling to the region boundary to match. In our work, the external forces are computed as the gradient of the distance map of the region boundary. Further details on this specific active surface algorithm can be found in [7, 4] . The surface displacement fields resulting from the active surface algorithm for the whole-brain and healthy-brain regions are shown in Figs. 3(a)-3(b) . One can see however that for similar locations (indicated by the arrows), the magnitude of displacement field is larger for the whole-brain region than for the healthy-brain region. This shows the inconsistency between the two surface displacement fields, although they should capture the same physical phenomenon. The inconsistency between the two surface displacement fields is explained by the fact that the internal tumor region boundary can move partly in a rigid way as shown in Figs. 
4(a)-4(c).
With external forces defined using the gradient descent of a distance map, the active surface algorithm for the healthy-brain region is not able to take correctly into account rigid motion. Therefore, the active surface for the healthy-brain region boundary, initialized from the first iMR image, should be first locally transformed in a rigid way along the internal tumor region boundary in the second iMR image, and then deformed using an active surface algorithm as before. In order to compute the local rigid transformation, we use the automatic iterative closest point (ICP) transform vtkIterativeClosestPointTransform available in VTK. This ICP transform allows one to register two surface meshes. We thus apply this ICP transform between the subset -along the internal tumor region boundary -of the initial active surface mesh, and a surface mesh, built using ISOSURF, of the internal tumor region boundary in the second iMR image. A plane cut of the two surface meshes before, and after rigid registration are shown in Figs. 4(d) and 4(e), respectively. The displacements computed by this rigid transformation are then applied to the corresponding nodes of the initial active surface mesh. Finally, this active surface mesh is deformed using the active surface algorithm as explained above. The surface displacement field for the healthy-brain region boundary, resulting from the local rigid registration followed by the active surface algorithm, is shown in Fig. 4(f) , and can be compared with that of Fig. 3(b) , where no local rigid registration is performed. Similar magnitudes of displacement fields are now visible for similar locations.
Once the active surface algorithm has been applied to the whole-brain and the healthy-brain regions (preceded by local rigid registration for the healthy-brain region), we get two surface displacement fields. Before transposing them into displacements to be applied to the nodes of the biomechanical model, we regularize them to make them compatible with the volume mesh. Indeed, the two displacements fields are computed based on two independent applications of the active surface algorithm, and, thus, are not necessarily consistent with each other at their intersections. We thus smooth them based on a weighted-distance average, i.e. the displacement of each node is averaged with the displacements of its N closest neighbor nodes. For this application, we use ten neighbor nodes.
FEM-based Biomechanical Model Deformation
The two jointly-smoothed displacement fields of the whole-brain region boundary and internal tumor region boundary (resulting from the heathy brain region boundary) are finally applied to the biomechanical model, which deforms based on FEM using the software tool METAFOR 7 developed in our mechanical-engineering department. The initial stress state of the brain model is set to zero because it is physically unknown, such as in [7] . The resulting volume displacement field of the biomechanical model is shown in Figs. 5(a)-5(b) . The location of the brain shift that propagates inside the volume is clearly visible. 
Results of Image Warping and Validation
The volume displacement field of the biomechanical model resulting from the application of the displacement fields of whole-brain and internal tumor region boundaries is used to warp the part of the first iMR image corresponding to the whole-brain region, i.e. with the skull and external cerebrospinal fluid masked out. Figure 6 shows the results for two patient cases. In particular, Figs. 6(1a) and 6(2a) show the two iMR images rigidly registered. Figure 6(1b) shows the wholebrain region extracted from Fig. 6(1a) . Figure 6(2b) shows the result of warping of Fig. 6(1b) .
To evaluate the accuracy of our 3D nonrigid registration technique, we compare the similarity between the two iMR images rigidly and nonrigidly registered. This gives us an estimation of how well we have been able to capture, and compensate for, the local deformations between the two iMR images. To qualitatively estimate the similarity between two images, we compare the edges extracted from these images using the Canny edge detector itkCannyEdgeDetectionImageFilter, available in ITK 8 . This allows us to visually, and also locally, estimate the alignment of the iMR images. To quantitatively estimate the similarity of the two edge maps, we compute the modified Hausdorff distance between the sets of edge points, i.e. voxels representing the edges, in these two images. The modified Hausdorff distance H(A, B) [17] between two sets of points A and B is defined as
where h (A, B) is the directed Hausdorff distance. The directed Hausdorff distance is a measure of the distance of the point set A to the point set B, and is defined as
where N a is the number of points in set A, and d(a, B) is the distance of point a ∈ A to the closest point in B, i.e. d(a, B) = min b∈B a − b , where a − b is the Euclidean distance. The directed Hausdorff distance h(A, B) thus computes the average distance of points of A to points of B. The averaging minimizes the effects of outlier points, e.g. due to image noise. The value of the modified Hausdorff distance H(A, B) increases with the amount of difference between the two sets of edges points.
Figure 6(1c) shows the juxtaposition of edge maps extracted from the whole-brain region of the two iMR images rigidly registered, while Fig. 6(2c) shows the juxtaposition of the edge maps extracted from the warping of the first iMR image and from the whole-brain region of the second iMR image. The visual comparison of Figs. 6(1c) and 6(2c) shows that edges match better in (2c) than in (1c), which illustrates the benefit of the nonrigid registration. For the first patient case, the modified Hausdorff distance goes from 1.24 mm for the set of edges extracted from the two iMR images rigidly registered (Fig. 6(1c) ), down to 1.08 mm for the two iMR images nonrigidly registered ( Fig. 6(2c) ). This indicates that the nonrigid registration improves the alignment of the two iMR images. For the second patient case however, the modified Hausdorff distance goes from 1.01 mm for the two iMR images rigidly registered ( Fig. 6(1c) ), to 1.04 mm for the two iMR images nonrigidly registered ( Fig. 6(2c) ). The distance slightly increases, while visually, the edges match better after nonrigid registration. To understand if the nonrigid registration is responsible for the increase of the misalignment of the two iMR images everywhere in the whole-brain region, or if this effect is localized, we compute the modified Hausdorff distance in the region and neighborhood of the tumor only (volume region that extents by 25 mm the tumor region segmented in the first iMR image). The modified Hausdorff distance now decreases from 1.36 mm to 1.28 mm. This indicates that the nonrigid registration enhances the alignment of the two iMR images within the tumor region and its neighborhood, which is in fact the location requiring the best modeling accuracy. This behavior could be explained by the fact that a maximum of information from the iMR images is used in this region, i.e. two surface displacement fields are applied around it. The increase of misalignment elsewhere in the brain volume could be explained by two reasons. First, the landmarks tracked from the iMR images are surfaces. As a consequence, the nonrigid registration is expected to give better results near the tracked surfaces than far from them in the volume [7] . Second, the volume displacement field strongly depends on the constitutive laws. The volume misalignment could point out the need for better parameters values and/or other constitutive laws.
Conclusions and Future Work
We developed a method using two iMR images for evaluating brain shift deformation due to the opening of the skull and dura. The biomechanical model included two structures, i.e. the healthybrain and tumor regions. For this purpose, we explicitly defined the whole-brain and internal tumor region boundaries as connected surface meshes in the biomechanical model. The deformation of the biomechanical model was driven by the displacement fields of these two boundaries, computed using an active surface algorithm. We showed that our active surface algorithm for the healthybrain region fails to capture the rigid part of a deformation. We thus added a local rigid registration of the internal tumor region boundary before applying the active surface algorithm to the healthy- brain region boundary. Finally, we evaluated similarity of rigidly and nonrigidly registered images first, by visually comparing edges extracted from these images, and second, by computing the modified hausdorff distance between these sets of edges. Based on these quantitative and qualitative criteria, we showed that our nonrigid registration technique improved the alignment of the two iMR images within the whole-brain region for the first patient case, and within the tumor region and its neighborhood, i.e. the location requiring the best modeling accuracy, for the second patient case.
Future work on brain shift modeling is required in three main areas. First, our approach should be automated to a greater degree to be compatible with the time requirement of the operating room. Among the specific methods used for modeling each type of deformation, we explained that the segmentation of the intraoperative images is performed manually. While there exist sophisticated segmentation algorithms that could be used [18] , in particular for extracting the whole-brain region, the segmentation of the tumor region is, however, still challenging. Second, additional anatomical structures could be included in the biomechanical model. Although not described in this paper, we actually modeled the region of lateral ventricles, which are filled with cerebrospinal fluid, as a soft and compressible material with a second linear elastic law, such as in [6] . We also modeled the falx cerebri, which is a fold of dura mater, a thick and rigid membrane between the brain hemispheres, as a rigid plane, such as in [19] . The inclusion of the lateral ventricles' region did not have a significative impact on the result, and the inclusion of the falx cerebri made the result slightly inferior. Further research is thus required to study the best way to include the lateral ventricles and the falx cerebri in the biomechanical model. The use of a poroelastic model in order to model the cerebrospinal fluid filling the ventricles could be considered, such as in [11] . Third, the fact that we use iMR images could be further exploited. Indeed, these images provide volume information (rather than surface information only), are of good quality in comparison to other intraoperative modalities, and possess a field of view that includes the full volume of brain tissues (for the 0.5 Tesla GE Signa scanner). These images thus allow one to evaluate what, and how, new structures of the brain could be used, to enhance the modeling of brain shift. Some regions, e.g. the lateral ventricles' region, could be extracted from the two iMR images, and used as surface landmarks to drive the deformation of the biomechanical model [7, 15] .
